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Retrieving	 knowledge	 and	 useful	 information	 from	 customers	 is	 crucial	 to	 develop	customer-focused	products	and	maintain	the	market	share.	With	the	rapid	growth	of	the	Internet,	 the	 ability	 of	 users	 to	 create	 and	 publish	 content	 has	 generated	 a	wealth	 of	product	information	from	customers’	point	of	view.	Given	the	abundance	of	large	scale,	publicly	 available	 data	 social	 media	 can	 enable	 novel	 social	 ways	 of	 providing	 and	receiving	feedback	from	new	products	and	concepts.	In	order	 to	 avoid	 information	overload,	 identifying	 and	analyzing	helpful	 reviews	has	become	 a	 critical	 challenge.	 Identifying	 helpful	 online	 reviews	 and	 learning	 how	 to	extract	valuable	data	from	product	design	perspective	has	become	a	crucial	task	due	to	the	existing	information	overload	–identifying	what	is	relevant	to	analyze	is	a	key	task	for	companies.	Existing	 studies	 have	 focused	 on	 identifying	 variables	 that	 affect	 the	 perceived	helpfulness	of	an	online	comment.	To	the	best	author’s	knowledge,	actual	studies	about	helpfulness	do	not	consider	the	Quality	Function	Deployment	perspective	on	evaluating	to	what	extend	the	customer	data	from	social	media	is	helpful	to	set	objective	targets.	The	thesis	aims	to	evaluate	social	media	data	helpfulness	from	the	designer’s	perspective	taking	as	basis	QFD.	Evaluating	this,	the	work	hypothesis	is	that	the	helpfulness	definition	has	 to	move	 beyond,	 taking	 into	 consideration	what	 is	 needed	 to	 build	The	House	 of	Quality,	a	key	tool	in	product	design.	To	do	so,	an	exploratory	analysis	of	real	public	data	from	Twitter,	Facebook	and	iMore	forum	is	taken	as	basis.	The	purpose	of	undertaking	exploratory	research	is	primarily	to	investigate	and	to	identify	if	the	proposed	variables	for	 defining	 review’s	 helpfulness	 currently	 existing	 in	 the	 literature	 review	 can	 help	designers	in	target	setting	within	a	QFD	perspective	The	presented	thesis	shows	that	to	go	further	within	target	setting	is	needed	to	have	the	QFD	perspective:	not	all	current	exposed	variables	do	not	help	to	explain	online	reviews	helpfulness.				
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of	the	main	aspects	of	the	studied	topic	that	has	led	forth	to	the	development	of	this	master	thesis.	The	success	of	a	product	or	a	service	is	largely	dependent	on	to	what	extent	the	product	or	the	service	satisfies	customer	needs.	One	of	the	principal	functions	of	designers	is	to	enable	a	concise	description	of	how	customer	requirement	information	is	integrated	into	the	design	of	 the	desired	product.	During	 the	design	process,	 the	designer	 transforms	customer	requirements	information	into	explicit	product	specifications.		Today,	Quality	Function	Deployment	(QFD)	is	a	widely	used	methodology	to	set	targets.	Employing	this	procedure,	 customer	needs	are	 systematically	matched	with	 the	product	 features	and	design	parameters,	 improving	the	product	quality	(Bergquist	et	al.,	1996).	 	 In	the	QFD	analysis,	 during	 transferring	 the	 wants	 and	 needs	 of	 the	 customers	 into	 product	characteristics,	a	large	number	of	subjective	suppositions	are	needed	from	designers.	To	clearly	identify	what	customers	need,	users	should	be	involved	early	and	continuously	throughout	the	design	and	development	process	(Gulliksen	et	al.,	2003),	even	though	it	is	difficult	for	developers	to	make	direct	contact	with	users	and	observe	them	(Butler,	1996).	In	these	current	competitive	times,	product	manufacturers	need	not	only	to	retain	their	existing	customer	base,	but	also	to	increase	their	market	share.	In	this	way,	the	success	of	most	firms	depends	on	their	ability	to	identify	the	needs	of	customers	and	to	quickly	create	new	products	that	meet	these	needs:	generating	new	ideas	and	developing	novel	products	 with	 new	 features	 (Ulrick	 et	 al.,	 2000).	 Traditionally,	 customer	 needs	 are	collected	 from	interviews,	questionnaires	or	surveys,	which	are	often	 time-consuming	and	 laborious.	 Nowadays,	 this	 opinion	 data	 exists	 under	 the	 concept	 of	 Big	 Data,	 so	twitters,	blogs	and	product	reviews	are	revealing	consumers’	interests	and	preferences	(Wu	et	 al.,	 2014;	 Jin	 et	 al.,	 2016).	One	of	 the	major	 differences	 between	big	 data	 and	traditional	data	may	be	that	the	first	concept	is	described	by	three	main	characteristics:	Volume,	Velocity	and	Variety	–	3	Vs	(Adrian,	2016).			Given	the	abundance	of	large	scale,	publicly	available	data	social	media	can	enable	and	significantly	increase	the	collaboration	and	learning	from	customers	in	various	ways,	for	instance	by	novel	social	ways	of	providing	and	receiving	feedback	from	new	products	and	concepts.	Population	generates	more	than	2,5	quintillion	bytes	of	data	each	day	(Wu	et	al.,	2014)	and	a	great	part	of	this	data	is	created	through	social	media	sources	such	as	Twitter,	Facebook	or	 forums,	enabling	 its	users	 to	exchange	 information	 in	a	dynamic	way,	 anywhere	 and	 anytime.	 These	 data	 empower	 designers	 to	 obtain	 customer	requirements,	 facilitating	 designers	 to	 improve	 their	 new	 products	 while	 meeting	customers’	needs.			
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In	order	 to	 avoid	 information	overload,	 identifying	 and	analyzing	helpful	 reviews	has	become	 a	 critical	 challenge	 (Otterbacher,	 2009;	 Ghoose	 et	 al.,	 2011;	 Pan	 et	 al.,	 2011;	Zhang	(2014);	Kim	et	al.,	2006;	Liu	et	al.,	2012;	Qi	et	al.,	2016).	Most	of	the	existing	efforts	to	 evaluate	 review’s	 helpfulness	 are	 considered	 from	 the	 consumers’	 standing	(Otterbacher,	2009;	Ghoose	et	al.,	2011;	Pan	et	al.,	2011;	Zhang	(2014);	Kim	et	al.,	2006).	However,	not	a	large	number	of	authors	consider	and	define	helpfulness	from	the	product	designer’s	 point	 of	 view.	 In	 fact,	 it	 is	 shown	 that	 helpfulness	 of	 user	 reviews	 from	consumer’s	perspective	is	not	viewed	in	the	same	dimensions	as	designers	and	engineers	do	(Liu	et	al,	2012;	Qi	et	al.,	2016).		The	 above-mentioned	 studies	 from	 the	 designers’	 point	 of	 view	 focus	 on	 identifying	variables	 that	 affect	 the	 perceived	helpfulness	 of	 an	 online	 comment.	 In	 addition,	 the	chosen	set	of	candidate	variables	are	entirely	based	on	the	review	and	website	content.	In	order	to	classify	social	media	content	as	helpful	or	not,	the	authors	train	a	classifier.	Thus,	a	training	dataset	is	created	for	this	purpose	by	making	a	group	of	designers	to	label	a	set	of	comments	as	helpful	or	not.	The	criteria	used	by	designers	to	define	comments	as	helpful	or	not	is	not	provided	nor	discussed	in	these	studies	and	thus	what	helpfulness	mean	by	 the	designer’s	 perspective	 remains	unknown.	This	 in	 turn	makes	difficult	 to	ensure	that	the	classified	helpful	customer	comments	will	help	the	actual	target	setting.		To	the	best	author’s	knowledge,	actual	studies	do	not	consider	the	QFD	perspective	on	evaluating	to	what	extend	the	customer	data	from	social	media	is	helpful	to	set	objective	targets.	The	authors	consider	that	identifying	helpful	reviews	efficiently	and	accurately	is	a	critical	challenge	for	market-driven	product	design.	The	thesis	aims	to	evaluate	social	media	data	helpfulness	from	the	designer’s	perspective	taking	as	basis	QFD.	Evaluating	this,	the	work	hypothesis	is	that	the	helpfulness	definition	has	to	move	beyond,	taking	into	consideration	what	is	needed	to	build	The	House	of	Quality,	a	key	tool	in	product	design.		
1.1 Thesis	outline	






This	 chapter	aims	 to	provide	an	understanding	about	 the	work	undertaken	by	different	authors	
about	the	different	theories,	concepts	and	frameworks,	which	form	the	theoretical	base	of	the	thesis.	




































	One	of	the	product	development’s	most	vital	functions	is	product	design,	where	the	lead	role	is	defining	the	physical	form	of	the	product	to	best	meet	customer	needs	including	engineering	 design	 –	 mechanical,	 electrical,	 software,	 etc.	 –	 and	 industrial	 design	 –aesthetics,	ergonomics,	user	interfaces,	etc.	(Ulrick	et	al.,	2000).	The	author	define	that	the	design	of	a	new	product	starts	with	identifying	customer	needs,	establishing	target	specifications	and	generating	the	product	concept,	testing	it	and	coming	up	with	the	final	specifications	and	ending	with	the	new	product	launch.			
2.1.1 Customer	data	from	traditional	sources	In	 the	 past,	 new	 product	 design	 process	 started	 collecting	 customer	 needs	 from	traditional	methods.	Focus	groups,	surveys,	interviews	and	questionnaires	are	some	of	the	more	traditional	methods	of	generating	customer	insight	and	obtaining	information	for	new	product	development	(Blazevic	et	al.	2008).	These	traditional	methods	have	been	a	 key	 instrument	 in	product	design	 (Buntain	 et	 al.,	 2016):	when	an	organization	or	 a	
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business	needed	public	or	consumer	opinions,	 it	conducted	surveys,	opinion	polls	and	focus	groups,	so	acquiring	consumer	opinions	has	long	been	a	huge	business	itself	being	a	long	haul	and	laborious	(Matthing	et	al.,	2004;	Liu,	2012;	Jin	et	al.,	2016).		These	methods	were	needed	to	elicit	customer	needs	and	each	one	needs	plenty	of	time	to	 interact	with	customers.	One	reason	 is	 that	not	only	explicit	needs,	but	also	hidden	needs	 ought	 to	 be	 identified,	 those	 that	 the	 customer	 is	 not	 aware	 of	 and	 cannot	articulate.	 This	 requires	 that	 design	 engineers	 and	 industrial	 designers	 interact	 with	customers	 and	 experience	 the	use	 environment	 of	 the	product	 in	different	 situations.	Moreover,	 customer	 needs	 are	 often	 expressed	 in	 abstract,	 ambiguous	 or	 conceptual	terms.	Consequently,	traditional	techniques	are	often	time	and	cost	consuming	due	to	the	linguistic	analysis	of	customer	needs	(Zhou	et	al.,	2015;	Timoshenko	et	al.,	2017).		Latterly,	the	arrival	and	widespread	popularity	of	social	media	(SM)	has	introduced	a	new	source	of	data	and	a	different	perspective	from	which	to	examine	consumer	needs.	Social	media	data	is	abundant	and	versatile,	can	be	collected	more	quickly.	One	can	acquire	and	analyze	 SM	 data	 much	 more	 rapidly	 than	 traditional	 techniques	 can	 be	 designed,	implemented	and	analyzed.	In	addition,	gathering	and	analyzing	data	from	SM	is	cheaply	than	traditional	data	insight	methods	and	provides	a	wealth	of	information	about	user	behavior	since	social	media	postings	are	made	outside	of	the	surveyed	context	(Zhou	et	al.,	2015).			Compared	 with	 offline	 or	 paper-and-pencil	 surveys,	 online	 reviews	 provide	 richer	information	in	less	time	and	at	a	lower	cost,	as	the	respondents	are	willing	to	participate	independently	(Qi	et	al.,	2016).				With	the	accelerated	growth	of	social	media	–for	example,	reviews,	forum	discussions,	blogs,	 microblogs,	 comments	 and	 postings	 in	 social	 network	 sites-	 on	 the	 Web,	organizations	no	longer	need	to	conduct	surveys,	opinion	polls	and	focus	groups	in	order	to	gather	public	opinions	because	 there	 is	 an	abundance	of	 such	 information	publicly	available	(Dave	et	al.,	2014).	However,	monitoring	opinion	sites	on	the	Web	and	filtering	the	information	in	them	remains	a	challenging	task	(Liu	et	al.,	2013).			
2.1.2 Customer	data	from	public	data	sources		
 Social	media	refer	to	the	combination	of	online	tools	and	systems	that	enable	and	seek	out	participation	and	contributions	by	users	(Hagen	et	al.,	2009).	These	tools	enable	and	significantly	increase	the	collaboration	and	learning	from	customers	in	various	ways,	for	instance	by	novel	social	ways	of	providing	and	receiving	feedback	from	new	products	and	concepts	(Jussila	et	al.,	2012).	Liu	(2012)	confirmed	that	with	the	explosive	growth	of	social	media	-for	example,	reviews,	forum	discussions,	blogs,	microblogs,	comments	and	postings	in	social	network	sites-	organizations	are	increasingly	using	the	content	in	these	media	 for	 decision-making.	 Indeed,	 exploiting	 big	 consumer	 data	 provide	 new	
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opportunities	because	of	the	value	of	these	data	in	the	perspective	of	product	designers,	powerful	to	reveal	customers’	interest.			The	 constantly	 growth	 of	 social	 technologies	 has	 meant	 to	 have	 a	 huge	 quantity	 of	information	 posted	 by	 consumers	 on	 media.	 This	 type	 of	 consumer-generated	information	gives	an	opportunity	 to	 the	 firms	 to	 identify	customer	 tastes,	preferences	and	 responses	 on	 their	 products	 and	 services	 (Urban	 et	 al.,	 2004).	 This	 information,	enables	 designers	 to	 obtain	 CRs,	 monitor	 trends	 of	 consumer	 interests	 and	 make	comparisons	with	similar	products,	which	facilitate	designers	to	improve	their	products	with	novel	ideas	and	response	to	consumers	meeting	their	needs	(Jin	et	al.,	2016).		Online	reviews	could	be	the	source	of	innovative	ideas,	providing	input	for	new	product	designs	 and	 enhancements.	 Co-creation,	 the	 active	 involvement	 of	 customers	 in	 the	process	of	new	product	and	service	development,	has	been	identified	as	a	reliable	source	of	 competitive	 advantage.	 From	 the	 viewpoint	 of	 manufacturers,	 online	 reviews	 are	appealing	 sources	 of	 customer	 needs,	 especially	 for	 those	 manufacturers	 who	 must	continually	renovate	their	products	in	the	competitive	market.	Through	online	reviews,	product	designers	can	 listen	to	 the	voices	of	customers	 in	 the	 target	market	(Qi	et	al.,	2016).		Traditionally,	identifying	and	understanding	customer	needs	starts	with	gathering	raw	data	 from	customers	 and	 interpreting	 it	 in	 terms	of	 customer	needs.	The	next	 step	 is	organizing	 the	 needs	 into	 hierarchy	 of	 primary,	 secondary	 and	 tertiary	 needs	 and	establishing	the	relative	importance	of	the	needs	(Ulrich	et	al.,	2012).		Many	researchers	also	employed	Kano’s	model	to	quantify	the	importance	of	CRs.	The	model	 serves	 as	 a	 tool	 for	 the	 understanding	 of	 CRs	 and	 their	 impacts	 on	 customer	satisfaction.	In	this	model,	different	requirements	are	categorized	to	must-be	attributes,	one-dimensional	attributes,	attractive	attributes,	 indifference	attributes,	etc.	 (Jin	et	al.,	2016).		Today	companies	are	not	taking	fully	the	advantage	of	social	media	possibilities	due	to,	among	other	 reasons,	 the	 lack	of	 understanding	of	 the	possibilities	 of	 social	media	 in	innovation,	the	difficulties	in	assessing	its	financial	gains	and	the	lack	of	evidence	from	similar	 cases	 using	 social	 media	 in	 innovation	 (Kärkkäinen	 et	 al.,	 2010).	 In	 addition,	finding	 and	monitoring	 opinion	 sites	 and	 filtering	 the	 information	 contained	 in	 them	remains	a	challenge	task	because	of	the	proliferation	of	different	characteristics	social	sites	(Liu,	2012).	Moreover,	due	to	the	huge	volume	of	opinion	text,	the	average	human	reader	will	have	difficulty	identifying	relevant	sites	and	extracting	and	summarizing	the	opinions	 in	 them.	 For	 this	 reason,	machine-learning	 algorithms	 able	 to	 identify	what	information	is	relevant	to	know	are	required.	Automated	sentiment	analysis	systems	are	for	instance	an	example	(Liu,	2012).		
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A. Sentiment	analysis	on	consumer	online	opinions	Sentiment	analysis,	or	opinion	mining,	is	the	core	technique	behind	social	media	analysis.	It	leverages	computational	linguistics,	natural	language	processing	and	other	methods	of	text	analytics	to	automatically	extract	user	sentiment	or	opinions	from	text	sources	at	any	 level	 of	 granularity	 –words	 or	 phrases	 up	 to	 entire	 documents.	 Relatively	 simple	methods	for	sentiment	analysis	include	word	counts	–the	more	a	product	is	mentioned,	the	more	it	 is	assumed	to	be	liked-,	polarity	 lexicons	–positive,	negative	or	neutral-	or	lists	of	positive	and	negative	terms	that	can	be	counted	when	used	and	semantic	methods	that	may	compute	lexical	“distances”	between	a	product’s	name	and	each	of	two	opposing	terms	–such	as	“poor”	and	“excellent”-	to	determine	sentiment.	Approaches	that	are	more	complicated	distinguish	the	sentiments	about	more	than	one	item	referenced	in	the	same	text	item	–such	a	sentence	or	paragraph	(Fan	et	al.,	2014).		Since	early	2000,	 sentiment	analysis	has	grown	 to	be	one	of	 the	most	active	 research	areas	in	natural	language	processing	(NLP).	It	is	a	field	also	widely	studied	in	data	mining,	web	mining	and	text	mining.	In	fact,	it	has	spread	from	computer	science	to	management	sciences	and	social	 sciences	due	 to	 its	 importance	 to	business	and	society	as	a	whole.	Consequently,	sentiment	analysis	systems	have	found	their	applications	in	almost	every	business	and	social	domain	(Liu,	2012).		Manual	 extraction	 and	 analysis	 of	 online	 opinions	 is	 infeasible	 and	 consequently,	automated	 tools	 are	 required.	 First	 attempts	 to	 extract	 opinions	 automatically	 have	focused	primarily	on	polarity	of	reviews	-positive	or	negative-	(Jebbara	et	al.,	2017).	Since	customer	reviews	are	 typically	mixed	 -liking	some	aspects	of	a	product	but	criticizing	others-,	recent	research	has	focused	on	identifying	key	product	attributes	and	extracting	consumer	opinion	about	each	feature	(Lau	et	al.,	2014;	Ioannis,	2014;	Jebbara	et	al.,	2017;	Ahmad	et	al.,	2017).		The	most	basic	task	in	sentiment	analysis	is	to	classify	opinions	as	positive	or	negative.	This	task	can	be	performed	at	three	levels:	document,	sentence	and	aspect	level	analyses.	Document	 level	 classifies	whether	 a	whole	 opinion	 document	 expresses	 a	 positive	 or	negative	 sentiment.	 For	 example,	 in	 the	 context	 of	 product	 development,	 having	 a	particular	 product	 review,	 the	 system	 determines	 whether	 the	 review	 expresses	 an	overall	 positive	 or	 negative	 opinion	 about	 the	product,	 assuming	 that	 each	document	expresses	 opinions	 on	 a	 single	 entity.	 Sentence	 level	 goes	 to	 the	 sentences	 and	determines	 whether	 each	 sentence	 express	 a	 positive,	 negative	 or	 neutral	 opinion	 -usually	 means	 no	 opinion.	 This	 level	 of	 analysis	 is	 closely	 related	 to	 subjectivity	classification,	which	distinguishes	sentences	that	express	information	-called	objective	sentences-	from	sentences	that	express	subjective	views	and	opinions	-called	subjective	sentences	(Liu,	2012).			
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The	first	couple	of	analysis	-document	and	sentence	level-	do	not	strictly	recognize	what	people	like	and	dislike	(Hu	et	al.,	2004;	Kim	et	al.,	2004;	Gamon	et	al.,	2005).	Aspect	level	performs	 finer-grained	 analysis,	 where	 instead	 of	 looking	 at	 language	 constructs	 as	documents,	paragraphs,	sentences,	clauses	or	phrases,	the	overall	idea	of	aspect	analysis	is	that	an	opinion	consists	of	a	sentiment	-positive	or	negative-	and	a	target	of	opinion	(Lu	et	al.,	2011;	Liu,	2012).			Generally,	given	a	text,	aspect-analysis	method	extracts	explicitly	expressed	aspects	 in	the	text	and	each	extracted	aspect	term	is	processed	individually	and	a	sentiment	value	is	 assigned	given	 the	 context	of	 the	aspect	 term	–see	Figure	1.	Cesarano	et	 al.	 (2004)	discussed	 sentiment	 classification	 stand	 on	 adjective	 phrases	 only	 proposing	 a	 scale	ranging	from	-1	to	+1	for	measuring	the	degree	of	polarity	in	sentiments.	Later,	Benamara	et	al.	(2007)	suggested	that	focusing	on	both	adjectives	and	adverbs	gives	more	accurate	results	 than	exploring	adjectives	only.	Other	 studies	 extended	 this	 analysis	 to	 include	verbs	along	with	adjectives	and	adverbs	to	extract	sentiment	analysis	(Subrahmanian	et	al.,	2008).			
	
Figure	1.	Sentiment	analysis	pattern.			
B. Helpfulness	of	public	data		Helpfulness	can	be	considered	from	two	different	perspectives:	customers	or	designers.	Different	 authors	 have	pointed	 at	 the	 helpfulness	 from	 customer’s	 perspective.	While	reading	 reviews	 can	 help	 the	 potential	 customers	make	 informed	 decisions,	 in	many	cases	 the	 large	 quantity	 of	 reviews	 available	 for	 a	 product	 can	 be	 overwhelming	 and	actually	impede	the	customers’	ability	to	evaluate	the	product.	The	goal	of	these	authors	is	 to	 develop	 models	 and	 algorithms	 for	 predicting	 the	 helpfulness	 of	 reviews	 from	consumer	 point	 of	 view,	 which	 provides	 the	 basis	 for	 discovering	 the	 most	 helpful	reviews	 for	 given	products	 (Korfiatis	 et	 al.,	 2008;	 Liu	 et	 al.,	 2008;	Otterbacher,	 2009;	Ghoose	et	al.,	2011).	On	the	other	hand,	other	authors	(Liu	et	al.,	2012;	Qi	et	al.,	2016)	have	spread	their	analysis	to	the	designer’s	perspective,	in	order	to	extract	information	to	 develop	 appropriate	 product	 improvement	 strategies.	 They	 argue	 that	 existing	evaluation	methods	only	use	 the	 review	voting	 ratios	 given	by	 customers	 to	measure	helpfulness.	Meanwhile,	as	consumers	are	not	obligated	 to	vote	such	reviews,	usually,	only	a	small	proportion	of	the	reviews	eventually	receive	sufficient	votes.	Liu	et	al.	(2012)	and	Due	to	the	lack	of	efforts	to	evaluate	helpfulness	from	consumers’	standing,	Qi	et	al.	(2016)	 start	 to	question	 if	 consumers	view	online	product	 reviews	helpfulness	 in	 the	
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same	dimensions	 as	 designers	 and	 engineers	 do,	 ultimately	 demonstrating	 that	 there	exists	a	notable	difference	on	ratings	between	designers	and	consumers.			
Customer’s	perspective			So	far,	the	best	effort	for	ranking	reviews	for	consumers	comes	in	the	form	of	votes	in	forums	where	 customers	 give	 “helpful”	 votes	 to	 other	 reviews	 in	 order	 to	 rate	 their	usefulness.	Ghose	et	al.	(2011)	affirmed	that	the	helpful	votes	are	not	a	useful	feature	for	ranking	recent	reviews	because	they	are	accumulated	over	a	long	period	of	time	and	also	Liu	et	al.	(2013)	concludes	that	there	is	no	strong	correlation	between	the	helpfulness	voting	 given	by	 consumers	 and	 the	one	 rated	by	product	designers.	Hence,	 there	 is	 a	visible	 gap	 in	 interpreting	 helpfulness	 from	 product	 designers’	 and	 manufacturing	engineers’	point	of	view.		Moreover,	Zhang	(2014)	defined	that	a	helpful	review	from	customer’s	standing	likely	provides	a	large	quantity	of	detailed	information	about	the	product.	Also,	the	sentence	structure	is	clear	and	contains	less	spelling	or	grammar	errors.	And,	in	comparison,	the	less	helpful	reviews	provide	less	information	and	add	no	additional	value.		Automatically	 evaluating	 the	 quality	 of	 online	 reviews	 has	 gradually	 attracted	 more	attention	in	recent	years	and	several	studies	have	been	carried	out	(Zhang	et	al.,	2006;	Kim	et	al.,	2006;	Liu	et	al.,	2007;	Ghose	et	al.,	2009;	Liu	et	al.,	2013;	Kuan	et	al.,	2015;	Qi	et	al.,	2016).	Most	previous	works	have	focused	on	automatically	predicting	the	quality	–	helpfulness	or	usefulness	–	of	reviews	by	using	a	set	of	observed	textual	or	social	features.	Textual	features	are	the	ones	based	on	text	statistics	while	social	features	are	related	with	the	 information	 extracted	 from	 the	 reviewer’s	 social	 context.	 Along	 with	 classifying	reviews	as	helpful	or	unhelpful,	some	authors	also	considered	estimating	the	helpfulness	of	reviews	by	using	regression	models	 to	generate	a	quality	or	helpful	rating	 for	each	review	(Zhang	et	al.,	2014).		Kim	 et	 al.	 (2006)	 and	 Liu	 et	 al.	 (2009)	 also	 provide	 a	 definition	 of	 helpfulness.	 Both	articles	conclude	that	helpfulness	is	the	relation	between	the	number	of	people	that	finds	a	 review	helpful	out	of	 the	 sum	of	 the	number	of	 votes.	This	 lead	helpfulness	 to	be	a	number	 falling	 in	 the	 range	 [0,	 1],	 and	 greater	 value	 of	 the	 fraction	 imply	 higher	helpfulness.			Liu	et	al.’s	 (2008)	prediction	of	helpfulness’	model	 is	based	on	a	 thorough	analysis	of	some	major	factors	that	may	affect	the	helpfulness	of	a	review	and	identify	three	most	influential	ones:	reviewer	expertise,	where	they	express	personal	experiences,	thoughts	and	 concerns;	 writing	 style,	 due	 to	 the	 large	 variation	 of	 reviewers’	 background	 and	language	 skills;	 and	 finally,	 timeliness,	 in	which	 its	 been	 considered	 that	 the	 average	declines	as	time	passes	by.	To	this	end,	an	examination	of	different	reviews	on	several	
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popular	 websites	 was	 conducted	 to	 find	 and	 evaluate	 various	 factors	 involved	 in	helpfulness.	 They	 provided	 a	 detailed	 analysis	 of	 the	 major	 factors	 affecting	 the	helpfulness	of	a	review.			Kim	et	 al.	 (2006)	 found	 that	 the	most	useful	 features	 to	determine	 the	helpfulness	of	online	reviews	from	consumer’s	point	of	view	were	the	length	of	the	review,	unigrams1	of	the	review	and	the	rating	of	the	product.	One	aim	of	their	paper	is	to	investigate	how	well	different	classes	of	features	capture	helpfulness	of	a	review.	They	experimented	with	various	 features	 organized	 in	 five	 types:	 structural,	 lexical,	 syntactic,	 semantic	 and	metadata.			Structural	 features	 are	 observations	 of	 the	 document	 structure	 and	 formatting.	Properties	such	as	review	length	and	average	sentence	length	are	hypothesized	to	relate	structural	complexity	to	helpfulness.	Lexical	features	capture	the	words	observed	in	the	reviews.	 Syntactic	 features	 aim	 to	 capture	 the	 linguistic	 features	 of	 the	 review.	 They	include	 the	percentage	of	words	 that	are	nouns	and	 the	percentage	 that	are	verbs.	 In	addition,	they	determined	the	percentage	of	verbs	conjugated	in	the	first	person	and	the	number	of	token	words	that	are	adjectives	or	adverbs.		Regarding	to	semantic	features,	Kim	 et	 al.	 (2006)	 hypothesize	 that	 good	 reviews	will	 often	 contain	 references	 to	 the	features	of	a	product,	including	opinion	on	it,	and	the	sentiment	of	the	words,	as	positive	or	 negative.	 Unlike	 the	 previous	 four	 feature	 classes,	 metadata	 features	 capture	observations	which	are	 independent	of	 the	text	and	unrelated	with	 linguistic	 features,	such	as	number	of	stars	or	the	rating	of	the	products	mentioned	in	the	reviews.		Otterbacher	 J.	 (2009)	 examines	 the	 nature	 of	 helpfulness	 too,	 with	 the	 social	 media	source	Amazon.	 The	 carried-out	 analysis	 revealed	 five	 underlying	 quality	 dimensions	related	to	the	helpfulness	scores	assigned	by	community	participants.	However,	it	also	uncovers	 a	 strong	 relationship	 between	 the	 chronological	 ordering	 of	 reviews	 and	helpfulness,	 which	 both	 community	 participants	 and	 designers	 should	 keep	 in	 mind	when	using	this	method	of	social	navigation.		Trying	 to	 find	 the	 dimensions	 of	 helpfulness	 the	 authors	 look	 to	 the	 Management	Information	 Systems	 literature,	 where	 the	 concept	 of	 data	 quality	 has	 been	 studied	extensively.	Wang	and	Strong	(1996)	analyse	what	data	quality	means	from	data	user’s	perspective.	After	their	investigation,	they	conduct	that	there	are	four	major	categories	of	data	quality	each	of	which	is	made	up	of	several	dimensions:		
• Intrinsic	quality:	emphasizes	that	data	have	quality	in	their	own	right.	Important	dimensions	 of	 this	 attribute	 include	 believability,	 accuracy,	 objectivity	 and	reputation.	
                                                
1 In the fields of computational linguistics and probability, an n-gram is a contiguous sequence of n 
items from a given sample of text or speech. The items can be phonemes, syllables, letters, words or 
base pairs according to the application. An n-gram of size one is referred to as a “unigram”. 
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• Contextual	quality:	stresses	the	need	to	consider	quality	with	respect	to	the	user’s	specific	 task.	 Its	 dimensions	 include	 relevancy,	 timeliness,	 completeness	 and	quantity.		
• Representational	quality:	has	to	do	with	the	format	and	meaning	of	the	data.	Its	key	 dimensions	 are	 interpretability	 ease	 of	 understanding,	 representational	consistence	and	concise	representation.		
• Accessibility:	concerns	whether	the	user	has	access	to	an	information	system	in	order	 to	meet	 her	 information	 needs.	 Its	 dimensions	 include	 accessibility	 and	access	security.			Otterbacher	J.	(2009)	concludes	that	to	assess	quality	in	Amazon	reviews	only	the	first	three	categories	are	needed,	because	accessibility	is	not	relevant	since	participants	in	the	community	are	using	the	same	information	system,	and	incorporates	new	aspects	in	each	group.	 In	 conclusion,	 the	author	 found	 that	 the	 “helpfulness”	of	 reviews	at	Amazon	 is	correlated	 to	 several	 dimensions	 of	 message	 quality.	 Despite	 its	 simple	 nature,	 the	construct	of	“helpfulness”	is	able	to	pick	up	on	some	underlying	attributes	of	quality,	such	as	the	topical	relevancy,	objectivity	and	readability	of	reviews	(Otterbacher,	2009).	
Designer’s	perspective			Liu	et	al.	proposed	four	principal	categories	(2012)	and	Qi	et	al.	extended	them	to	five	later	on	time	(2016).	They	proposed	four	categories	of	intrinsic	features	of	reviews	based	on	the	results	of	an	exploratory	study	to	understand	how	designers	perceive	helpfulness.	They	start	the	study	with	the	assistance	of	design	personnel	who	need	to	rate	the	review	helpfulness	of	a	number	of	 social	media	comments	–randomly	chosen-	based	on	 their	own	 design	 experience	 or	 needs.	 They	 adopted	 a	 five-degree	 helpfulness	 evaluation	metric	which	only	concerns	whether	it	is	helpful	or	not	helpful	towards	product	design.	The	next	step	was	to	follow	up	two	questionnaires.	Result	analysis	of	the	questionnaires	permit	to	gain	several	insights	regarding	why	certain	reviews	are	perceived	helpful	by	designers	while	others	not.	Understanding	designers’	opinion	and	needs	enable	Liu	et	al.	(2012)	 to	 propose	 four	 categories	 of	 features	 that	 model	 and	 affect	 product	 review	helpfulness:	linguistic	features,	product	features,	features	based	on	information	quality	and	features	using	information	theory.		In	addition	to	define	which	factors	affect	review’s	helpfulness	from	a	product	designer’s	perspective,	they	conclude	that	designers’	helpfulness	rating	might	not	present	a	strong	correlation	with	the	online	helpfulness	voting	ratio	and	there	might	be	a	significant	or	unacceptable	error	between	both	variables.			In	 the	 study,	 some	 persons	 expect	 that	 they	 can	 learn	more	 useful	 information	 from	longer	product	online	reviews	what	can	be	defined	for	instance	by	its	number	of	words	and	its	number	of	sentences.	Product	designers	also	appreciate	to	enquire	the	reasons	behind	customers’	preferences	or	complaints	on	a	particular	product,	such	sentiments	which	 are	 mainly	 expressed	 using	 adjective	 or	 adjective	 plus	 adverb	 phrases.	 The	
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respondents	 also	 indicate	 that	 they	 might	 lose	 their	 interest	 to	 read	 and	 attempt	 to	understand	 online	 reviews	 if	 there	 are	 many	 grammar	 errors	 (number	 of	 grammar	errors),	wrong	 spellings	 and	 if	 there	 are	many	 exceptionally	 long	 sentences	 (average	number	of	words	per	sentence).	This	leads	to	came	up	with	linguistic	features	group.			The	research	also	enlightens	that	some	product	designers	focus	on	whether	key	product	features	 have	 been	 mentioned	 and	 such	 product	 features	 are	 considered	 crucial	information	 carriers	 when	 designers	 are	 conceiving	 new	 product	 models,	 so	 the	appearance	 of	 some	 particular	 product	 feature	 might	 largely	 influence	 helpfulness	evaluation.	In	this	regard,	product	features	are	another	important	group	to	consider.			According	to	the	compiled	questionnaires	some	subjects	replied	“this	review	mentions	many	product	features”	while	some	argue	that	“many	reviews	shared	the	features	he/she	likes	 and	 dislikes”.	 These	 arguments	 are	 related	with	 information	 quality	 in	 different	aspects:	the	first	argument	mentioned	the	information	coverage	and	the	second	point	the	information	accuracy.	Those	aspects	inspired	the	authors	to	consider	information	quality	as	a	group	of	features.			When	the	sentiment	expressed	in	a	review	of	a	product	feature	deviates	from	the	majority	sentiment	provided	in	reviews	it	will	greatly	influence	designers’	understanding	since	it	is	often	associated	with	more	details	about	why	a	different	sentiment	is	given.	Another	main	conclusion	is	that	a	review	tends	to	be	regarded	as	a	helpful	one	if	it	contains	both	pros	and	cons	of	a	product.	The	appearance	of	both	pros	and	cons	is	often	referred	as	divergence	 of	 sentiments,	 another	 factor	 that	 Liu	 et	 al.	 considered	 in	 helpfulness	modelling.	Additionally,	 a	 review	has	more	 chance	 to	 be	helpful	 if	 expresses	 a	 strong	viewpoint	 towards	 certain	 product	 features	 with	 convincing	 arguments.	 The	 authors	propose	to	interpret	such	observations	using	information	theory.			To	 this	discussed	groups	of	 features	Qi	et	al.	 (2016)	added	a	new	one:	metadata.	The	author	defines	metadata	as	“data	about	data”.	These	features	are	the	descriptions	of	the	review	 text	 –for	 example,	 pros,	 cons	 or	 labels–	 that	 are	 filled	by	 the	 reviewer	 so	 this	feature	is	concerned	with	the	reviewer’s	involvement.	Within	this	group,	the	author	also	considered	 the	 number	 of	 helpful	 votes	 and	 the	 number	 of	 replies.	 The	 first	 variable	indicates	 the	 evaluation	 level	 from	 other	 consumers,	while	 the	 second	 is	 the	 general	evaluation	of	the	product	from	the	reviewer.			Summarizing	 author’s	 contributions	 in	 helpfulness	 conceptualization.	 Table	 A.1	 in	Appendix	A	shows	all	the	proposed	variables	found	in	literature	review.	
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2.2 Target	setting	
 After	identifying	customer	needs,	the	next	step	is	to	establish	target	specifications	that	provide	a	precise	description	of	what	a	product	has	to	do,	being	the	translation	of	the	customer	needs	into	technical	terms	(Ulrich	et	al.,	2000).	Quality	Function	Deployment,	or	 QFD,	 is	 commonly	 used	 in	 the	 product	 planning	 stage	 to	 define	 the	 engineering	characteristics	and	target	value	settings	of	new	products.	A	key	methodology	to	translate	customer	needs	into	metrics	is	the	House	of	Quality,	a	graphical	technique	used	in	QFD	(Hauser	et	al.,	1988).		
 
2.2.1 Quality Function Deployment 	Quality	Function	Deployment	-QFD-	(1972)	is	a	commonly	and	broadly	used	method	for	translating	 the	 ‘voice	 of	 the	 customer’	 through	 the	 various	 stages	 of	 new	 product	deployment	with	the	aim	of	setting	targets.	Three	of	the	principal	goals	of	QFD	can	be	described	as	a	better	understanding	of	customer	needs,	improved	product	quality	and,	above	all,	achieving	customer	satisfaction	(Sullivan,	1986;	Hauser	and	Clausing,	1988).			Customer	 focus	 is	 a	key	 component	 in	 a	quality	product	development	 (Kaulio,	 1998).	Therefore,	the	basis	of	QFD	is	to	translate	the	desires	of	the	customer	into	product	design	or	engineering	characteristics	so	design	requirements	will	be	based	on	customer	needs	and	 competitive	 analysis	 achieving	 a	 customer-driven	 product.	 The	 translation	 is	conducted	through	a	chart,	called	“house	of	quality”	(HOQ)	–see	Figure	1–,	which	is	the	principal	 tool	 for	 QFD.	 There	 are	 a	 set	 of	 standard	 components	 of	 a	 HOQ,	 including:	customer	attributes	(CAs)	and	their	relative	weights;	engineering	characteristics	(ECs);	relationship	matrix	 between	 CAs	 and	 ECs;	 correlation	matrix	 among	 ECs;	 CA	 and	 EC	benchmarking	data;	and	EC	importance	(ECI)	values	and	target	levels	(Kwang-Jae	Kim	et	al.,	2006).			
A. The	House	Of	Quality	(HoQ)		The	house	of	quality	begins	with	the	customer,	whose	requirements	are	named	customer	attributes	 (CAs):	 sentences	 customers	 use	 to	 describe	 products	 and	 product	characteristics.	For	example,	a	car	door	is	“easy	to	close”	or	“stays	open	on	a	hill”;	“doesn’t	leak	in	rain”	or	allows	“no	(or	little)	road	noise”	–	a	typical	application	would	have	30	to	100	CAs.	 Back	 then,	 CAs	 are	 often	 grouped	 into	 bundles	 of	 attributes	 selected	 by	 the	project	team	groups	and	which	represent	an	overall	customer	concern.	Of	course,	one	of	the	 biggest	 challenges	 is	 to	 interpret	 customer	 phrases.	 Moreover,	 house	 of	 quality	measures	 the	 relative	 importance	 to	 the	 customer	of	 all	 CAs	 so	 each	 attribute	has	 its	weight:	 weightings	 are	 displayed	 in	 the	 house	 next	 to	 each	 CA,	 usually	 in	 terms	 of	percentages,	a	complete	list	totaling	100%	(Hauser	et	al.,	1988).		
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Figure	4.	First	step	overview		Literature	review	variables	have	been	classified	per	concepts	–see	Table	B.1	in	Appendix	B–	and	afterward	into	groups	according	to	if	they	are	comment	related	or	not	–i.e.	if	the	variable	 can	 be	 extracted	 from	 the	 review	 text	 itself	 or	 from	 the	 website	 content,	respectively.	In	the	first	group,	one	can	observe	the	variables	related	with	the	text	–for	example,	number	of	words	or	characters–,	and	those	associated	with	the	impact	of	the	review	 in	 the	 social	 media	 –for	 instance	 number	 of	 elapsed	 days	 from	 the	 review	publication	or	number	of	helpful	votes	received.	The	text-related	variables	are	further	divided	into	linguistic,	sentiment	analysis	and	product	features	–see	Figure	4.	Moreover,	those	variables	 related	with	 the	 reviewer	have	been	entered	 in	non-comment	 related	cluster	reviewer	–real	name	users,	age,	location	or	interests.		
	
Figure	5.	Data	grouping	overview		After	proposing	all	the	variables	shown	in	the	Table	B.2	of	the	Appendix	B,	the	scope	of	the	thesis	has	focused	on	comment	and	text	related	variables	as	indicated	in	Figure	4.	The	reason	is	that	it	is	assumed	that	most	of	the	information	regarding	customer	needs	and	related	to	product	targets	comes	from	the	actual	comment	itself.	While	excluded	from	the	scope,	 comment	 and	 review-related	 variables	 as	 well	 as	 non-comment	 and	 reviewer	related	variables	are	also	relevant,	i.e.	to	define	a	specific	target	market	–location,	age,	etc.–	as	well	as	to	identify	potential	buyers	based	on	similar	networking	behavior.			






	 Variable	 Normalized	variable	 Variable	type	V1	 #	of	characters	 - 	 Continuous	∈ℝe	V2	 #	of	words	 #	of	words/	#	of	characters	 Continuous	∈ℝe	V3	 #	of	sentences	 #	of	sentences/	#	of	words	 Continuous	∈ℝe	V4	 #	of	adjectives	 #	of	adjectives/	#	of	words	 Continuous	∈ℝe	V5	 #	of	adverbs	 #	of	adverbs/	#	of	words	 Continuous	∈ℝe	V6	 #	of	verbs	 #	of	verbs/	#	of	words	 Continuous	∈ℝe	V7	 #	of	nouns	 #	of	nouns/	#	of	words	 Continuous	∈ℝe	V8	 #	of	errors	 #	of	errors/	#	of	words	 Continuous	∈ℝe	V9	 Content	format	 - 	 Binary	∈[0,1]	V10	 Sentiment	difference	 Absolute	sentiment	difference	 Continuous	∈ℝe	V11	 #	of	product	features	 -	 Continuous	∈ℝe	V12	 #	of	referred	products	 -	 Continuous	∈ℝe	
	




Figure	6.	House	Of	Quality	required	information	within	the	thesis	scope	Only	six	of	the	requirements	–	see	Table	2–	have	been	considered	in	the	methodology:	customer	 attributes	 (CA),	 CA	 relative	 importance,	 customer	perception	 (competitors),	engineering	 characteristics,	 correlation	 matrix	 and	 finally	 relationship	 matrix.	 The	proposed	 dimensions	 are	 aligned	 with	 the	 literature	 review	 findings	 exposed	 in	 the	second	chapter	2.	State	of	art,	following	the	structure	of	the	HoQ	that	is	used	nowadays.			
Requirement	 Definition	R1	 Customer	attributes		R2	 CA	relative	importance	R3	 Customer	evaluation	(competitors)	R4	 Engineering	characteristics	and/or	product	targets	related	R5	 Correlation	matrix	R6	 Relationship	matrix		
Table	2.	QFD	factors	to	analyze			
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The	other	three	HoQ	required	information	have	been	left	out	of	the	scope	because	of	the	need	 of	 the	 objective	 targets	 to	 be	 settled	 by	 designers,	 staying	 far	 from	 customer’s	decision:	- Technical	 targets:	 Establishing	 technical	 targets	 for	 each	 engineering	characteristic	 and	 rating	 the	 difficulty	 of	 achieving	 that	 target	 is	 a	 job	 for	designers.		- Technical	competitive	comparisons:	This	requirement	includes	information	about	comparing	how	 the	 target	product	performs	 in	 comparison	 to	 its	most	 serious	competitors.	Competitive	comparisons	provide	a	 company	with	 the	 facts	about	where	its	products	stand	technically	in	relation	to	its	competitors’	products.	The	values	 settled	 in	 this	 part	 of	 the	HoQ	 are	 objective	 and	 it	 is	 not	 expected	 that	customers	write	reviews	related	to	technical	competitive	features.	- Technical	 and	 Regulatory	 requirements:	 There	 are	 some	 requirements	 that	 the	customers	are	not	likely	to	identify.	These	requirement	will	be	either	technical	or	regulatory	 requirements	 –such	 things	 as	 government	 legislation,	 safety	requirements,	quality	standard	requirements,	etc.	technical			Once	the	factors	have	been	defined,	the	aim	has	been	to	define	which	reviews	are	helpful	to	achieve	the	completion	of	each	of	the	six	parts	of	QFD.			
3.3.	Step	3:	Evaluating	the	helpfulness	of	reviews	from	QFD	perspective	
3.3.1.	Step	3.1:	Selecting	SM	for	the	analysis			According	to	the	social	media	classification	and	the	definition	carried-out	by	Scanfeld	et	al.	(2010),	different	platforms	enable	people	to	share	their	knowledge	and	experience,	creating	rich	user-generated	content.	The	analysis	below	studies	three	main	social	media	sources:	 social	 networking	 websites	 with	 Facebook	 data,	 microblogs	 gathering	 data	from	Twitter	and	Forums	–	iMore	forum.	These	sources	have	been	considered	the	most	popular,	useful	and	proper	to	work	with	for	this	methodology.	This	is	because	of	their	information	availability	and	the	proper	information	one	can	gather	from	each	of	them.			
3.3.2.	Step	3.2:	Gathering	review	data	from	social	media	sources		In	 order	 to	 illustrate	 the	 proposed	 methodology,	 Volvo	 V60	 will	 be	 the	 product	 for	analyzing	Facebook’s	and	Twitter’s	data	meanwhile	Iphone	7	from	Apple	brand	is	going	to	be	the	reference	for	Forums	as	a	case	example.	The	review	data	is	collected	from	the	social	media	sources	on	April	2018	and	May	2018.				Although	several	comments	of	each	product	have	been	found	in	the	social	media	sources,	40	 reviews	 from	 each	 SM	 source	 have	 been	 selected	 randomly	 –without	 method	 or	conscious	decision,	gathering	the	first	40	reviews	related	with	the	analyzed	product–	for,	
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afterwards,	 being	 classified	 according	 their	 helpfulness	 for	 constructing	 each	 of	 The	House	of	Quality	factors.			
Figure	7	shows	a	review	example	about	the	products	chosen	for	the	three	selected	SM	sources:	A	for	Facebook,	B	for	Twitter	and	C	for	iMore	Forum,	respectively.	The	reviews	show	the	name	of	the	reviewer,	the	comment	or	review	content	itself,	the	number	of	likes	or	retweets,	the	number	of	responses	and	the	review	date.	All	the	extracted	reviews	are	summarized	in	Appendix	C.		
 
Figure	7.	Reviews	of	Volvo	V60	and	Iphone	7	in	Facebook	and	Twitter,	and	iMore	forum	respectively.		Note	 that	 in	 Step	1	 it	 has	 been	 seen	 that	 the	 variables	 have	 been	normalized.	 This	 is	because	 the	 social	 media	 sources	 show	 some	 limitations	 or	 differences	 in	 their	characteristics.	 For	 instance,	 Twitter	 has	 a	 maximum	 number	 of	 characters	 for	 the	reviews.	 Normalizing	 most	 of	 all	 the	 variables	 allows	 the	 comparison	 between	 SM	sources.			
3.3.3.	Step	3.3:	Evaluating	helpfulness	
 Every	 extracted	 comment	 from	 social	 media	 sources	 has	 been	 labelled	 as	 helpful	 or	unhelpful	by	two	independent	engineers	from	a	product	designer	standing.	Due	to	the	common	variety	and	detail	information	granularity	in	the	customer	comments,	they	are	
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labelled	as	helpful	or	unhelpful	for	each	of	the	six	HoQ	groups	of	required	information	identified	previously	in	Step	2.	The	results	have	been	later	summarized	in	a	matrix	by	each	engineer.	In	case	label	differed,	the	completion	of	the	matrix	has	been	asked	to	a	product	 design	 expert	 with	 the	 purpose	 of	 untie.	 The	 considered	 helpfulness	 of	 the	reviews	for	each	SM	source	has	been	summarized	in	Appendix	D.		
3.3.4.	Step	3.4:	Plotting	variables	for	H/NH	reviews	





significantly	 helpful	 during	 the	 conduct	 of	 The	 House	 of	 Quality	 and	 consequently	 discuss	 the	
helpfulness	of	the	variables	that	previous	authors	propose	from	the	QFD’s	perspective.		
	After	analyzing	the	gathered	reviews’	data,	some	graphics	have	been	created	to	illustrate	the	 findings	 and	 outcome	 in	 a	 simplified	 manner.	 The	 main	 goal	 is	 to	 define	 which	variables	among	the	ones	selected	in	the	previous	Methodology	section	are	significant	in	order	to	distinguish	if	a	review	is	helpful	for	designers	on	the	task	of	completing	the	HOQ.			To	this	end,	the	section	has	been	divided	into	different	parts	that	refer	to	the	different	results	obtained	in	each	step	of	the	proposed	methodology	after	defining	HOQ	required	information	–R1	to	R6.			
4.1	Helpfulness	of	reviews	
 As	it	can	be	seen	in	the	following	Graphic	1,	all	the	reviews	chosen	as	helpful	have	been	plotted	 in	 different	 groups,	 separated	by	 the	 three	 requirements	 that	 are	 going	 to	 be	analyzed	–	R1,	R3	and	R4	–.	It	can	be	seen	that,	in	the	evaluation	of	customer	attributes,	at	 least	 half	 of	 the	 reviews	 have	 been	 considered	 helpful,	 while	 in	 the	 competitors’	analysis	almost	all	the	reviews	have	been	considered	unhelpful.	Regarding	to	R4,	it	has	been	noted	a	significant	difference	between	helpfulness	in	Forums	respect	the	other	ones.	Comparing	the	social	media	sources	in	R1	and	R3,	forums	have	the	most	helpful	reviews,	while	Twitter	and	Facebook	are	almost	in	the	same	level.			
 
 
Graphic 1. Number of helpful reviews per HoQ required information for each SM  
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The	 results	 of	 the	 analysis	 could	 be	 expected	 since	 Forums	 is	 a	 social	 media	 source	focused	on	the	products,	while	the	others	are	also	employed	for	a	personal	use.		
 







4.3	Hypothesis	test			One	can	use	the	2-sample	t-test3	to	compare	the	averages	between	two	groups	–in	this	case,	H/NH	groups–	and	determine	if	there	is	a	significant	difference	between	them.	For	that	purpose,	for	each	factor	of	the	HoQ,	the	hypothesis	test	has	been	carried	out	for	each	variable.	The	objective	 is	 to	know	if	 the	variable	helps	 to	define	 the	 factor	 in	 the	HoQ	construction,	detecting	if	 there	is	a	significant	difference	between	the	two	samples	for	each	of	the	variables.		In	this	study,	the	p-value	and	the	t-test	are	selected	to	carry	out	the	test.	If	the	p-value	is	less	than	or	equal	to	0.05	–a-level–	or	the	t-value	is	more	or	equal	to	2,	the	null	hypothesis	will	be	rejected	and	consequently,	there	is	a	difference	in	average	helpful	and	not	helpful	reviews	for	a	specific	variable.			The	 test	 also	 constructs	 a	 confidence	 interval	 that	 gives	 detail	 about	 the	 difference	between	the	two	groups.	Analyzing	the	data	with	an	a-level	of	0.05	allows	getting	the	95%	confidence	interval.	This	interval	tells	that,	based	on	the	sample	data,	one	can	be	95%	confident	that	the	true	mean	difference	between	the	variable	in	the	two	populations	is	between	the	confidence	interval.	All	extracted	tests	are	included	in	Appendix	E.		
	
Table	3	 show	the	significant	variables	 to	define	each	 factor	 for	Twitter,	Facebook	and	Forum	reviews.	The	significant	variables	are	chosen	as	inputs	for	the	helpfulness	in	the	HoQ	factors	construction.																				
                                                3	The	tests	have	been	conducted	with	the	Minitab	statistical	software	
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		 	 QFD	variables		 R1	 R2	 R3	 R4	 R5	 R6	Variable	 CA	 CA	importance	 Competitors	evaluation		 EC	 Correlation	matrix	 Relationship	matrix	#	of	characters	 	 	 	 	 	 	#	of	words	/	#	of	characters	 	 	 	 	 	 	#	of	sentences	/	#	of	words	 	 	 	 	 	 	%	of	adjectives	 	 	 	 	 	 	%	of	adverbs	 	 	 	 	 	 	%	of	verbs	 	 	 	 	 	 	%	of	nouns	 	 	 	 	 	 	#	of	errors		/	#	of	words	 	 	 	 	 	 	Content	format	 	 	 	 	 	 	Absolute	sentiment	difference	 	 	 	 	 	 	#	of	PF	 	 	 	 	 	 	#	of	referred	products	 	 	 	 	 	 	
Table	3.	Significant	variables	for	HoQ	construction	for	social	media	sources			As	it	can	be	seen	in	the	Table	3	above,	the	significant	helpful	variables	when	extracting	customer	 attributes	 from	 Twitter	 reviews	 in	 order	 to	 build	 the	 HoQ,	 have	 been:	 the	average	number	of	characters,	the	proportion	of	adverbs,	verbs	and	errors,	the	absolute	sentiment	difference	and,	finally,	the	number	of	product	features	referred	in	the	review.	All	of	these	variables	have	showed	higher	averages	in	their	numbers	for	helpful	reviews	than	for	non-helpful	–all	the	T-Values	can	be	seen	in	the	E	Appendix.			After	 doing	 the	 analysis,	 it	 has	 been	 seen	 how	 important	 is	 sentiment	 analysis	when	extracting	customer	attributes	from	the	reviews.	For	this	reason,	it	was	foreseeable	that	the	number	of	adverbs	were	significant	when	talking	about	customer	features’	extraction.	As	shown	in	the	Appendix	E,	the	number	of	adverbs	for	customer	attributes	analysis	is	higher	if	the	review	is	considered	helpful,	with	a	T-Value	of	-2,17.		The	 number	 of	 adjectives	 were	 also	 expected	 to	 be	 significant	 since	 the	 sentiment	analysis	was	carried-out	from	the	polarity	of	them.	Nevertheless,	after	checking	the	plots	showed	in	Appendix	D,	 it	has	been	seen	that	the	P-Value	presented	a	value	of	0,931	–	while	it	is	being	considered	significant	under	0,05	–	and	also	that	the	means	between	H	and	NH	reviews	have	been	considerably	similar.	This	fact	could	have	taken	place	because	
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of	 the	 size	 of	 the	 sample	 analyzed,	 or	 maybe	 because	 the	 NH	 reviews	 also	 present	adjectives,	but	not	related	with	any	customer	attribute.			Customer	 evaluation	was	 considered	 one	 of	 the	 factors	 that	 its	 information	 could	 be	extracted	from	product	reviews.	After	watching	the	results,	 it	has	been	seen	that	none	variables	 present	 a	 significance	 in	 showing	 competitors	 information	 in	 the	 product	reviews.	In	respect	of	encountering	engineering	characteristics	in	Twitter	reviews,	only	the	average	number	of	characters	and	also	the	number	of	product	features	showed	have	act	as	significant,	with	T-Values	of	-2,68	and	-3,18,	respectively.	In	addition,	their	means	are	higher	if	the	review	is	considered	helpful.			By	far,	the	most	significant	variable	affecting	the	HoQ	in	Twitter	reviews	has	been	the	number	 of	 product	 features	 contained	 in	 the	 comment,	 with	 a	 T-value	 of	 -3,81.	 This	matter	was	expected	because	as	many	product	features	mentioned	in	the	reviews,	more	likely	to	be	helpful	for	product	design.			According	to	Forum	reviews,	and	differing	from	last	analysis,	length	of	the	sentences	and	number	 of	 verbs	 have	 been	 considered	 significant	 for	 customer	 attributes	 and	 for	engineering	characteristics.	Both	variables	present	a	high	average	when	 the	 review	 is	considered	non-helpful.	This	fact	can	be	concluded	because	forums	do	not	present	any	limitation	 on	 the	 written	 characters,	 and	 it	 has	 been	 seen	 that	 the	 non-helpfulness	reviews	 tend	 to	have	 longer	 sentences	 that	 the	 considered	helpful	 ones,	 and	 so	more	verbs	can	be	fitted	on	the	comments.	All	the	other	variables	showed	in	Forums	analysis	have	showed	a	higher	average	in	helpful	reviews.		Finally,	one	has	to	mention	that	the	number	 of	 product	 features	 per	 number	 of	 words	 has	 also	 been,	 by	 far,	 the	 most	significant	variable	 in	 this	study,	with	a	T-Value	of	 -8,71	and	one	mean	of	2,30,	as	 for	customer	attributes	as	for	engineering	characteristics.		Unlike	 forums	 and	 Twitter,	 Facebook	 reviews	 present	 less	 significant	 variables.	Nevertheless,	number	of	product	features	variable	is	also	significant	for	R1	as	in	the	other	SM	sources,	presenting	a	T-value	of	-4,62.	After	analyzing	the	results,	one	can	conclude	that	this	variable	is	the	most	significant	in	order	to	define	R1	in	HoQ	for	all	the	analyzed	SM	sources.	In	addition,	other	significant	variables	as	number	of	characters	in	the	review	and	sentence/word	ratio	define	R1.		For	the	first	time,	R3	has	a	significant	variable.	The	ratio	between	sentences	and	words	is	significant	for	this	part	of	the	HoQ,	with	a	T-value	of	3,05.		Finally,	 R4	 presents	 three	 significant	 variables:	 number	 of	 characters,	 the	 ratio	 of	sentences	and	words	and	the	number	of	adjectives,	presenting	a	T-value	of	-2,77;	3,38	and	2,52;	respectively.					
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 Many	authors	have	 studied	online	 reviews	 attributable	 to	 their	 rich	 content	 and	high	reliability.	Unlike	ample	research	from	the	consumer	perspective,	the	aim	of	this	thesis	is	approached	from	the	product	design	standing.	The	goal	is	to	demonstrate	if	there	is	an	existing	GAP	between	the	currently	proposed	review	variables	–supposedly	helpful-	and	The	House	of	Quality	construction	for	product	design.			
5.1	Existing	variables	in	literature	review	
 After	witnessing	an	increasing	popularity	in	the	helpfulness	of	product	online	opinions	analysis	from	customer	and,	to	a	lesser	extent,	product	design	standing;	one	can	still	find	a	 gap	 between	 the	 information	 extracted	 from	 product	 reviews	 and	 one	 of	 the	most	widely	tools	used	in	product	design,	The	House	of	Quality.			Opinion	analysis	should	give	designers	a	useful	tool	to	analyze	the	voice	of	the	customer	through	consumer	opinions	that	provide	important	 insights	to	designers	that	can	be	a	clue	during	the	setting	targets	process.		
 Along	 these	 lines,	 the	 research	 has	 been	 focused,	 firstly,	 on	 analyzing	 which	 are	 the	currently	 variables	 that	 define	 helpfulness	 from	 both	 perspectives	 –consumers’	 and	designers’.	According	 to	 the	 aim	of	 evaluating	 if	 the	presently	proposed	variables	 are	helpful	 in	terms	of	The	House	of	Quality,	a	study	about	how	design	engineers	actually	perceive	helpfulness	has	been	carried	out	through	social	media	reviews	analysis.			Based	on	the	 insights,	 the	thesis	has	come	up	with	the	significance	of	each	variable	 in	order	to	define	if	a	review	is	helpful	or	not	based	on	the	QFD	perspective.	Conclusions	about	the	current	work	can	be	extracted.			First,	the	proposed	variables	for	defining	review	helpfulness	should	be	standing	from	the	QFD	perspective.	We	consider	that	a	review	is	helpful	if	it	helps	to	fill	out	The	House	of	Quality	so	the	translation	from	customer	attributes	to	product	targets	may	be	easiest.		In	general,	most	of	the	proposed	variables	do	not	currently	help	to	build	the	HOQ.	Since	the	HoQ	 is	 divided	 into	 six	main	 factors	 –see	 Table	 2	 in	 section	 3.Methodology–	 one	 can	conclude	 that	most	of	 the	suggested	variables	 in	 literature	review	help	 to	understand	only	three	factors:	R1,	R3	and	R4.	Instead,	R2,	R5	and	R6	cannot	be	defined	with	the	actual	proposed	 variables.	 In	 fact,	 this	 happens	 because	 each	 review	 is	 studied	 individually,	what	makes	impossible	to	extract	a	general	overview	of	the	extracted	reviews	as	a	group,	what	could	help	to	achieve	an	aggregate	conclusion.		
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For	example,	correlation	matrix,	R5,	refers	to	the	engineer	characteristics	relationship,	i.e.	 how	 each	 of	 the	 technical	 descriptions	 impact	 each	 other.	 This	 factor	 involves	analyzing	 more	 than	 one	 engineer	 characteristic	 and	 it	 depends	 on	 engineering	knowledge.	Something	similar	happens	with	the	relationship	matrix,	R6,	which	refers	to	the	relationship	between	customer	needs	and	the	company’s	ability	to	meet	those	needs	–engineering	 characteristics.	 A	 designer	 tries	 to	 answer:	What	 is	 the	 strength	 of	 the	relationship	between	the	technical	descriptions	and	the	customer	needs?	In	this	case,	no	proposed	variables	are	analyzing	the	sentiment	strength	between	customer	needs	–R1-	and	engineering	characteristics	–R3.			Second	and	consequently,	most	of	 the	variables	 that	exist	 in	 the	 literature	 review	are	related	with	 the	 extraction	 of	 customer	 attributes	 and	 engineering	 characteristics,	 as	sentiment	 analysis	 has	 been	 focused,	 in	most	 cases,	 on	 extracting	 these	 features.	 For	example,	the	product	feature	extraction	can	help	to	set	customer	attributes	and	engineer	characteristics	–by	far,	it	is	a	significant	variable	to	define	both	factors.	Coherently,	there	is	a	connection	between	a	product	feature,	i.e.	“battery	life”	and	one	possible	CA	as	“My	iPhone	is	turned	off	quickly,	the	lifetime	is	about	6	hours”	and	one	possible	EC	as	“Battery	duration”.	In	this	case,	CA	are	more	related	with	the	sentiment	analysis	while	EC	are	more	connected	with	an	objective	statement.			Finding	variables	to	help	the	mapping	of	customer	needs	to	engineering	characteristics	is	 required	 to	 facilitate	 and	 diminish	 the	 decision-making	 subjectivity	 and	 product	designers’	assumptions.			
5.2	Proposed	variables		
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Author	and	Year Nº Feature	/	Variable Description Data	source
1 Cosine Quantifies	the	extent	to	which	a	review	is	similar	to	the	textual	description	of	the	product	provided	on	its	main	page.	Cosine	between	review	and	textual	product	description	represents	the	similarity	between	the	texts. Amazon2 Bigram	overlap Proportion	of	bigrams	(i.e.	sequences	of	two	words)	in	the	review,	which	also	appear	in	the	product	description. Amazon3 Normalized	longest	common	subsequence	between	the	two	texts	were	calculated It	first	finds	the	longest	phrase	that	the	two	texts	have	in	common.	The	length	of	this	phrase	is	then	normalized	by	the	length	of	the	review. Amazon4 Product	rating Rating	on	a	5-point	scale	assigned	by	reviewer Amazon5 Reviewer	uses	real	name Categorical	variable;	yes	if		the	review	is	displayed	with	a	“real	name”	badge Amazon6 Reviewer	has	top	reviewer	badge Categorical	variable;	yes	if	the	reviewer	has	a	high	rate Amazon7 Reviewer’s	rank	in	the	community Reviewer	rate	in	the	social	media	source Amazon8 Total	reviews	contributed	by	reviewer Total	number	of	reviews	written	by	the	reviewer Amazon9 #	Helpful	votes	received	 Total	number	of	helpful	votes	the	review	has	received Amazon
10 Perplexity	of	textual	review
Quantifies the deviation of a review from what is expected. First, the creation of areview is viewed as a sequence of randomly selected words. The randomvariable,X, can take on values (words) in a discrete set of symbols, which is the vocabularyused across all reviews of a particular product. In other words, the distribution ofthe variable X is estimated based on the entire set of reviews of the product. Theperplexity quantifies the extent of “surprise” in the review, given the distribution ofX	the	extent	of	“surprise”	in	the	review,	given	the	distribution	of	X
Amazon
11 Entropy	of	textual	review The	entropy	of	a	review	is	literally	the	average	uncertainty	of	the	variable	X Amazon12 Centroid	or	textual	centrality	score	of	the	product	review Quantifies	the	extent	to	which	a	review	contains	a	large	number	of		words	that	are	statistically	important	across	all	reviews	about	that	product Amazon13 #	Sentences Total	number	of	sentences	in	a	review Amazon14 #	Words Total	number	of	words	in	a	review Amazon15 #	Days	lapsed	 Total	number	of	days	lapsed	since	the	earliest	review	was	posted	about	the	respective	product Amazon16 Characters-to-sentence	ratio Characters	per	sentence	average	ratio Amazon17 Words-to-sentence	ratio Words	per	sentence	average	ratio Amazon
Otterbacher,	2009
Helpfulness	from	customer’s	point	of	view
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1 Length The	total	number	of	tokens	in	a	syntactic	analysis	of	the	review Amazon2 Sentential Observations	of	the	sentences,	including	the	number	of	sentences,	the	average	sentence	length,	the	percentage	of	question	sentences,	and	the	number	of	exclamation	sentences Amazon3 HTML Two	features	for	the	number	of	bold	tags	<b>	and	line	breaks	<br> Amazon4 Unigram The	tf-idf	statistic	of	each	word	occurring	in	a	review Amazon5 Bigram The	tf-idf	statistic	of	each	bi-	gram	occurring	in	a	review Amazon6 %	of	nouns Percentage	of	tokens	that	are	nouns Amazon7 %	of	verbs	 Percentage	of	tokens	that	are	verbs	conjugated	in	the	first	person Amazon8 %	of	adjectives Percentage	of	tokens	that	are	adjectives Amazon9 %	of	adverbs Percentage	of	tokens	that	are	adverbs Amazon10 Product-Feature The	number	of	product	features	mentioned	in	a	review Amazon11 General-Inquirer The	number	of	sentiment	words	in	a	review	referring	to	a	product	feature Amazon12 Stars The	rating	score	of	the	review

























1 #	of	words Total	number	of	words	in	a	review Amazon2 #	of	sentences Total	number	of	sentences	in	a	review Amazon3 Average	length	of	sentence Average	number	of	words	per	sentence Amazon4 #	of	adjectives Total	number	of	adjectives	in	a	review Amazon5 #	of	adverbs Total	number	of	adverbs	in	a	review Amazon6 #	of	subjective	sentences Total	number	of	grammar	errors	and	wrong	spellings	in	a	review Amazon7 #	of	objective	sentences Total	number	of	subjective	sentences	in	a	review Amazon8 #	of	total	elapsed	days Total	number	of	objective	sentences	in	a	review Amazon9 #	of	referred	products Time	elapsed	in	days	since	the	date	on	which	a	review	was	posted Amazon10 #	of	product	features Total	number	of	referred	products	in	the	review Amazon11 #	of	sentences	referring	to	product	features Total	number	of	referred	products	in	the	review Amazon12 #	of	product	features	/	#	of	sentences	referring	to	product	features Total	number	of	sentences	referring	to	mentioned	product	features	in	the	review	or	comment Amazon13 #	of	product	features	/	#	of	sentences Relation	between	the	total	number	of	product	features	mentioned	and	the	total	number	of	sentences	referring	to	mentioned	product	features	in	the	review	or	comment. Amazon14 #	of	sentences	referring	to	product	features	/	#	of	sentences Relation	between	number	of	sentences	referring	to	product	features	and	the	total	number	of	sentences	in	the	review	or	comment Amazon15 The	self-information	sum	of	product	features Estimation of the information gained for different sentiments for a product featureoccuring	in	a	review Amazon16 The	divergence	of	sentiment	sentences Sum	of	self-information	for	three	different	sentiment	(positive,	negative	and	neutral)	for	every	product	feature	occuring	in	a	review Amazon17 The	strength	of	sentiment	sentences Sum	of	the	maximum	of	self-information	for	three	different	sentiments	for	the	sum	of	the	different	product	features	mentioned	in	a	review Amazon18 #	of	reviews Total	number	of	posts	posted	by	the	reviewer	in	the	past	in	that	social	media	source.	The	volume	of	reviews	posted	indicates	the	expertise	of	the	reviewer. Amazon
19 The	grade	of	reviewer The	grade	of	a	reviewer	indicates	the	reviewer’s	activeness	on	the	website:	if	the	reviewer	is	highly	active,	is	more	likely	to	provide	thorough	explanations	of	their	viewpoints. Amazon20 Whether	pros	is	filled	or	not Does	the	review	have	pros? Amazon21 Whether	cons	is	filled	or	not Does	the	review	have	cons? Amazon22 #	of	labels Total	number	of	labels	in	the	review Amazon23 #	of	helpful	votes Total	number	of	helpful	votes		obtained	indicates	the	evaluation	level	from	other	consumers Amazon24 #	of	replies The	total	number	of	replies	indicates	the	evaluation	level	from	other	consumers Amazon25 #	of	stars The	total	number	of	stars	indicates	the	evaluation	level	from	other	consumers Amazon
Qi	et	al.,	2016


















































































Group Concept References Customer's	
perspective
Designer's	
perspective%	of	adjectives Kim	et	al.	(2006);	Liu	et	al.	(2012);	Zhang	(2014);	Qi	et	al.	(2016) X X#	of	words Kim	et	al.	(2006);	Otterbacher	(2009);	Ghoose	et	al.	(2011);	Liu	et	al.	(2012);	Zhang	(2014);	Qi	et	al.	(2016) X X
#	of	sentences Otterbacher	(2009);	Ghoose	et	al.	(2011);	Zhang	(2014);	Liu	et	al.	(2012);	Qi	et	al.	(2016);	Kim	et	al.	(2006) X X#	of	characters Otterbacher	(2009);	Pan	et	al.	(2011);	Ghoose	et	al.	(2011) X#	of	adverbs Kim	et	al.	(2006);	Liu	et	al.	(2012);	Zhang	(2014);	Qi	et	al.	(2016) X X#	of	errors Ghoose	et	al.	(2011);	Liu	et	al.	(2012);	Zhang	(2014) X X#	of	verbs Zhang	(2014);	Kim	et	al.	(2006) X#	of	nouns Zhang	(2014);	Kim	et	al.	(2006) XContent	format Kim	et	al.	(2006);	Qi	et	al.	(2016) X XSentiment	difference Kim	et	al.	(2006);	Ghoose	et	al.	(2011);	Liu	et	al.	(2012);	Zhang	(2014);	Qi	et	al.	(2016) X X#	of	product	features Kim	et	al.	(2006);	Liu	et	al.	(2012);	Qi	et	al.	(2016) X X
#	of	elapsed	days Otterbacher	(2009);	Ghoose	et	al.	(2011);	Pan	et	al.	(2011);	Zhang	(2014);	Liu	et	al.	(2012);	Qi	et	al.	(2016) X X#	of	helpful	votes Otterbacher	(2009);	Ghoose	et	al.	(2011);	Pan	et	al.	(2011);	Zhang	(2014);	Qi	et	al.	(2016) X XReview	rating Kim	et	al.	(2006);	Ghoose	et	al.	(2011);	Qi	et	al.	(2016) X X
Reviewer	uses	real	name Otterbacher	(2009);	Ghoose	et	al.	(2011) X
Reviewer	information Ghoose	et	al.	(2011) X
















































































































































































































































































































































































































































































































































Table	D.1	contains	the	value	for	each	variable	for	all	Twitter	extracted	reviews.			 	 #	of	chars	 #	of	words	/	#	of	chars	 #	of	sentences	/	#	of	words	 %	of	adjectives	 %	of	adverbs	 %	of	verbs	 %	of	nouns	 #	of	errors	/	#	of	words	 Content	format	 Absolute	SD	 #	of	PF	 #	of	referred	products	1	 272	 19,49%	 11,32%	 9,43%	 7,55%	 15,09%	 15,09%	 0,00%	 0	 3	 2	 3	2	 49	 16,33%	 12,50%	 12,50%	 0,00%	 12,50%	 12,50%	 0,00%	 1	 0	 1	 1	3	 61	 18,03%	 18,18%	 45,45%	 9,09%	 0,00%	 18,18%	 0,00%	 1	 4	 0	 2	4	 116	 18,10%	 4,76%	 14,29%	 0,00%	 9,52%	 9,52%	 0,00%	 1	 3	 0	 1	5	 118	 11,86%	 14,29%	 21,43%	 0,00%	 14,29%	 21,43%	 0,00%	 1	 0	 1	 2	6	 63	 14,29%	 11,11%	 11,11%	 11,11%	 0,00%	 22,22%	 0,00%	 1	 0	 0	 1	7	 279	 17,20%	 10,42%	 8,33%	 4,17%	 14,58%	 25,00%	 4,17%	 0	 0	 2	 5	8	 126	 19,05%	 12,50%	 8,33%	 8,33%	 16,67%	 8,33%	 0,00%	 0	 2	 0	 1	9	 64	 18,75%	 16,67%	 25,00%	 25,00%	 16,67%	 25,00%	 0,00%	 0	 2	 1	 2	10	 25	 16,00%	 25,00%	 25,00%	 0,00%	 25,00%	 25,00%	 0,00%	 0	 1	 1	 1	11	 202	 19,80%	 10,00%	 17,50%	 17,50%	 17,50%	 7,50%	 2,50%	 0	 4	 1	 1	12	 205	 17,07%	 11,43%	 11,43%	 2,86%	 8,57%	 5,71%	 0,00%	 1	 2	 1	 2	13	 220	 18,64%	 9,76%	 14,63%	 12,20%	 17,07%	 14,63%	 2,44%	 0	 1	 2	 3	
 70	
14	 240	 17,08%	 9,76%	 9,76%	 0,00%	 14,63%	 21,95%	 0,00%	 0	 2	 4	 1	15	 279	 16,49%	 4,35%	 6,52%	 0,00%	 10,87%	 15,22%	 0,00%	 1	 0	 3	 1	16	 274	 15,33%	 4,76%	 4,76%	 4,76%	 14,29%	 16,67%	 0,00%	 0	 3	 1	 1	17	 112	 17,86%	 5,00%	 25,00%	 5,00%	 10,00%	 25,00%	 0,00%	 0	 1	 1	 1	18	 62	 20,97%	 7,69%	 23,08%	 7,69%	 7,69%	 15,38%	 0,00%	 0	 2	 1	 1	19	 189	 17,99%	 8,82%	 14,71%	 0,00%	 14,71%	 20,59%	 0,00%	 1	 1	 1	 1	20	 274	 15,69%	 11,63%	 11,63%	 9,30%	 18,60%	 20,93%	 0,00%	 0	 1	 3	 1	21	 62	 17,74%	 9,09%	 18,18%	 0,00%	 18,18%	 18,18%	 0,00%	 1	 1	 0	 1	22	 53	 16,98%	 11,11%	 44,44%	 0,00%	 0,00%	 22,22%	 0,00%	 0	 1	 0	 1	23	 181	 16,57%	 6,67%	 20,00%	 6,67%	 16,67%	 13,33%	 0,00%	 0	 3	 1	 1	24	 226	 15,93%	 5,56%	 8,33%	 8,33%	 16,67%	 16,67%	 2,78%	 1	 1	 1	 1	25	 59	 16,95%	 10,00%	 10,00%	 20,00%	 10,00%	 10,00%	 0,00%	 1	 1	 0	 1	26	 102	 17,65%	 16,67%	 38,89%	 5,56%	 5,56%	 11,11%	 0,00%	 1	 0	 0	 1	27	 68	 20,59%	 14,29%	 14,29%	 0,00%	 14,29%	 7,14%	 0,00%	 1	 0	 0	 1	28	 151	 14,57%	 9,09%	 40,91%	 0,00%	 9,09%	 22,73%	 0,00%	 0	 2	 1	 1	29	 71	 18,31%	 15,38%	 23,08%	 7,69%	 15,38%	 7,69%	 0,00%	 0	 0	 0	 1	30	 221	 17,19%	 7,89%	 26,32%	 5,26%	 7,89%	 15,79%	 0,00%	 1	 3	 1	 1	31	 203	 16,26%	 6,06%	 21,21%	 6,06%	 9,09%	 18,18%	 0,00%	 0	 0	 1	 1	32	 148	 19,59%	 3,45%	 20,69%	 3,45%	 6,90%	 17,24%	 0,00%	 0	 2	 1	 1	33	 177	 17,51%	 6,45%	 32,26%	 3,23%	 12,90%	 19,35%	 0,00%	 0	 4	 0	 1	
 71	
34	 107	 18,69%	 5,00%	 20,00%	 0,00%	 15,00%	 5,00%	 0,00%	 0	 0	 0	 1	35	 208	 21,63%	 6,67%	 20,00%	 2,22%	 11,11%	 22,22%	 2,22%	 0	 1	 0	 2	36	 82	 15,85%	 7,69%	 30,77%	 0,00%	 7,69%	 23,08%	 0,00%	 0	 1	 0	 1	37	 109	 15,60%	 11,76%	 17,65%	 0,00%	 0,00%	 5,88%	 0,00%	 1	 0	 0	 1	38	 100	 11,00%	 9,09%	 9,09%	 0,00%	 9,09%	 27,27%	 0,00%	 1	 0	 0	 1	39	 65	 18,46%	 8,33%	 25,00%	 8,33%	 8,33%	 8,33%	 0,00%	 1	 0	 0	 1	40	 135	 14,07%	 10,53%	 10,53%	 0,00%	 10,53%	 21,05%	 0,00%	 1	 1	 0	 1	
Table	D.8.	Variables’	value	for	Twitter	reviews	
D.2	Forums	reviews	
 	 #	of	chars	 #	of	words	/	#	of	chars	 #	of	sentences	/	#	of	words	 %	of	adjectives	 %	of	adverbs	 %	of	verbs	 %	of	nouns	 #	of	errors	/	#	of	words	 Content	format	 Absolute	SD	 #	of	PF	 #	of	referred	products	1	 256	 19,92%	 7,84%	 17,65%	 9,80%	 13,73%	 7,84%	 0,00%	 0	 1	 2	 2	2	 146	 20,55%	 3,33%	 23,33%	 6,67%	 10,00%	 10,00%	 3,33%	 0	 2	 3	 1	3	 566	 19,08%	 4,63%	 12,96%	 25,93%	 16,67%	 10,19%	 1,85%	 0	 3	 1	 1	4	 113	 19,47%	 4,55%	 13,64%	 22,73%	 18,18%	 4,55%	 0,00%	 0	 2	 0	 3	5	 75	 20,00%	 6,67%	 20,00%	 6,67%	 13,33%	 6,67%	 6,67%	 0	 1	 2	 1	6	 149	 22,15%	 6,06%	 18,18%	 18,18%	 12,12%	 3,03%	 3,03%	 0	 2	 1	 2	7	 162	 20,37%	 6,06%	 15,15%	 12,12%	 15,15%	 12,12%	 0,00%	 0	 2	 2	 1	8	 227	 20,26%	 6,52%	 19,57%	 4,35%	 13,04%	 15,22%	 0,00%	 0	 0	 2	 2	9	 262	 19,08%	 6,00%	 10,00%	 6,00%	 18,00%	 16,00%	 0,00%	 0	 0	 3	 1	
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10	 134	 18,66%	 8,00%	 20,00%	 8,00%	 16,00%	 20,00%	 0,00%	 0	 2	 3	 1	11	 329	 17,33%	 1,75%	 19,30%	 8,77%	 17,54%	 12,28%	 0,00%	 0	 2	 3	 2	12	 269	 16,73%	 8,89%	 20,00%	 13,33%	 13,33%	 13,33%	 2,22%	 0	 2	 3	 1	13	 827	 17,41%	 4,86%	 18,75%	 11,11%	 11,11%	 19,44%	 0,00%	 0	 4	 7	 1	14	 272	 19,12%	 1,92%	 5,77%	 17,31%	 21,15%	 21,15%	 0,00%	 0	 1	 3	 1	15	 646	 19,81%	 4,69%	 8,59%	 10,94%	 17,97%	 18,75%	 0,00%	 0	 2	 2	 1	16	 314	 20,06%	 7,94%	 9,52%	 11,11%	 19,05%	 19,05%	 0,00%	 0	 2	 3	 1	17	 109	 21,10%	 26,09%	 17,39%	 8,70%	 17,39%	 8,70%	 0,00%	 0	 1	 1	 2	18	 300	 19,33%	 6,90%	 20,69%	 13,79%	 17,24%	 10,34%	 0,00%	 0	 2	 3	 3	19	 149	 21,48%	 9,38%	 28,13%	 6,25%	 12,50%	 12,50%	 0,00%	 0	 2	 2	 1	20	 176	 20,45%	 5,56%	 13,89%	 8,33%	 16,67%	 16,67%	 2,78%	 0	 1	 2	 1	21	 50	 22,00%	 9,09%	 27,27%	 9,09%	 18,18%	 18,18%	 0,00%	 0	 0	 0	 1	22	 62	 20,97%	 23,08%	 7,69%	 0,00%	 30,77%	 7,69%	 0,00%	 0	 0	 0	 1	23	 70	 15,71%	 18,18%	 9,09%	 0,00%	 18,18%	 27,27%	 0,00%	 0	 0	 0	 1	24	 320	 19,38%	 8,06%	 16,13%	 12,90%	 17,74%	 17,74%	 1,61%	 0	 2	 0	 4	25	 91	 23,08%	 9,52%	 9,52%	 9,52%	 23,81%	 4,76%	 0,00%	 0	 0	 0	 1	26	 65	 20,00%	 7,69%	 15,38%	 15,38%	 30,77%	 7,69%	 0,00%	 0	 0	 0	 1	27	 292	 20,55%	 6,67%	 8,33%	 15,00%	 15,00%	 15,00%	 0,00%	 0	 1	 3	 1	28	 108	 21,30%	 8,70%	 4,35%	 21,74%	 17,39%	 17,39%	 0,00%	 0	 0	 3	 1	29	 42	 21,43%	 11,11%	 11,11%	 0,00%	 11,11%	 11,11%	 0,00%	 0	 0	 0	 1	
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Seventh	 appendix	 includes	 the	 tables	 with	 the	 relation	 between	 analyzed	 variables	 and	 HoQ	
required	information	factors	for	each	SM	source.	
	 	 QFD	variables		 R1	 R2	 R3	 R4	 R5	 R6	
Variable	 Customer	attributes	 Customer	attributes	importance	 Customer	evaluation	(competitors)	 Engineering	characteristics	 Correlation	matrix	 Relationship	matrix	
#	of	characters	 1	 0	 0	 1	 0	 0	#	of	words	/	#	of	characters	 0	 0	 0	 0	 0	 0	#	of	sentences	/	#	of	words	 0	 0	 0	 0	 0	 0	%	of	adjectives	 0	 0	 0	 0	 0	 0	
%	of	adverbs	 1	 0	 0	 0	 0	 0	
%	of	verbs	 1	 0	 0	 0	 0	 0	
%	of	nouns	 0	 0	 0	 0	 0	 0	#	of	errors		/	#	of	words	 1	 0	 0	 0	 0	 0	Content	format	 0	 0	 0	 0	 0	 0	Absolute	sentiment	difference	 1	 0	 0	 0	 0	 0	
#	of	PF	 1	 0	 0	 1	 0	 0	#	of	referred	products	 0	 0	 0	 0	 0	 0	
Table	F.1.	Significant	variables	for	HOQ	construction	for	Twitter	reviews							
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	 QFD	variables		 R1	 R2	 R3	 R4	 R5	 R6	
Variable	 Customer	attributes	 Customer	attributes	importance	 Customer	evaluation	(competitors)	 Engineering	characteristics	 Correlation	matrix	 Relationship	matrix	
#	of	characters	 1	 0	 0	 1	 0	 0	#	of	words	/	#	of	characters	 0	 0	 0	 0	 0	 0	#	of	sentences	/	#	of	words	 1	 0	 1	 1	 0	 0	%	of	adjectives	 0	 0	 0	 1	 0	 0	
%	of	adverbs	 0	 0	 0	 0	 0	 0	
%	of	verbs	 0	 0	 0	 0	 0	 0	
%	of	nouns	 0	 0	 0	 0	 0	 0	#	of	errors		/	#	of	words	 0	 0	 0	 0	 0	 0	Content	format	 0	 0	 0	 0	 0	 0	Absolute	sentiment	difference	 0	 0	 0	 0	 0	 0	
#	of	PF	 1	 0	 0	 1	 0	 0	#	of	referred	products	 0	 0	 0	 0	 0	 0	
Table	F.2.	Significant	variables	for	HOQ	construction	for	Facebook	reviews													
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	 	 QFD	variables		 R1	 R2	 R3	 R4	 R5	 R6	
Variable	 Customer	attributes	 Customer	attributes	importance	 Customer	evaluation	(competitors)	 Engineering	characteristics	 Correlation	matrix	 Relationship	matrix	
#	of	characters	 1	 0	 0	 1	 0	 0	#	of	words	/	#	of	characters	 0	 0	 0	 0	 0	 0	#	of	sentences	/	#	of	words	 1	 0	 0	 1	 0	 0	%	of	adjectives	 0	 0	 0	 0	 0	 0	
%	of	adverbs	 1	 0	 0	 0	 0	 0	
%	of	verbs	 1	 0	 0	 1	 0	 0	
%	of	nouns	 0	 0	 0	 0	 0	 0	#	of	errors		/	#	of	words	 1	 0	 0	 1	 0	 0	Content	format	 -	 -	 -	 -	 -	 -	Absolute	sentiment	difference	 1	 0	 0	 1	 0	 0	
#	of	PF	 1	 0	 0	 1	 0	 0	#	of	referred	products	 0	 0	 0	 0	 0	 0	
Table	F.3.	Significant	variables	for	HOQ	construction	for	Forum	reviews			
